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SUMMARY
The current study proposes an automatic method for the segmentation and tracking of red blood cells
flowing through a 100-m glass capillary. The original images were obtained by means of a confocal system
and then processed in MATLAB using the Image Processing Toolbox. The measurements obtained with the
proposed automatic method were compared with the results determined by a manual tracking method. The
comparison was performed by using both linear regressions and Bland–Altman analysis. The results have
shown a good agreement between the two methods. Therefore, the proposed automatic method is a powerful
way to provide rapid and accurate measurements for in vitro blood experiments in microchannels. Copyright
© 2012 John Wiley & Sons, Ltd.
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1. INTRODUCTION
Blood flow in microcirculation is crucial for the normal function of tissues and organs. Detailed
study of blood cells flowing in microvessels and microchannels is essential to provide a better under-
standing on the blood rheological properties and disorders in microcirculation [1–9]. One of the most
reliable ways to measure velocity fields in microcirculation is using Eulerian methods, such as the
conventional micro-Particle Image Velocimetry (PIV) [10–17] or the confocal micro-PIV [1,5,8,9].
By using these Eulerian methods, the most common methodology to calculate the velocity fields is
a statistical technique known as cross-correlation. For high concentration of particles, that is, the
interrogation window contains at least three particles, the micro-PIV technique is the best suitable
methodology to study blood flow phenomena in microcirculation. However, most of in vivo mea-
surements contain physiological fluids with high concentrations of blood cells and as a result the
amount of tracer particles captured within the fluid is often very low [8]. If the number of particles
or cells within the interrogation area is small (less than three), it is recommended to measure the
displacements of each individual object by tracking them in a Lagrangian way [5]. This kind of PIV
mode (low-image-density PIV) is often referred to as particle tracking velocimetry (PTV) [5,14,15].
The main advantage of this method is the ability to obtain detailed quantitative information on the
motion of particles and cells flowing within a working fluid with high hematocrits (Hcts) close to
in vivo condition. Although, this method is becoming indispensable, in several biomedical fields
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such as cell biology [16,17] and microcirculation [1,5,6,8,9,14–22], most of these studies have been
performed with manual tracking methods. For blood flow in microvessels, where there is a large
number of interacting cells, manual tracking methods have been used to accurately track individ-
ual deformable cells flowing through glass capillaries [1, 16, 19, 20], straight polydimethylsiloxane
microchannels [22], stenosis [23], hyperbolic contractions [24, 25], and bifurcations [26, 27].
However, the manual data collection is extremely time-consuming to have a statistically representa-
tive number of samples and may introduce operators’ errors that eventually limit the application of
these methods many times at different conditions. Hence, it is crucial to develop a versatile and auto-
matic tracking method able to compute automatically multiple cell trajectories and remove errors
by the user’s evaluation. Several researchers have been developing different kinds of automatic
algorithms for Image J [28], MATLAB [29, 30], LabVIEW [31], and IDL [32]. A promising PTV
plug-in for Image J is the ‘Particletracker 2D and 3D’ [15]. However, this plug-in is still under
development because the trajectory results tend to overlap at high Hcts.
Despite the great effort of many researchers, the use of automatic methods to accurately inves-
tigate the individual blood cell’s motion in microchannels has never been achieved before. This
was accomplished in this study by using an automated image processing technique able to track
accurately individual red blood cells (RBCs) flowing through a 100-m microchannel. This method
can be further adapted for other applications to quantitatively evaluate deformable RBCs and white
blood cells flowing in both in vitro and in vivo environments with Hcts lower than 12%.
Image analysis and processing is a huge area that provides a large number of viable applica-
tions; one example is the improvement of pictorial information for human interpretation or in the
computer-automated analysis. Segmentation is the most used procedure in image processing and
consists in dividing a digital image into multiple regions, based on a set of pixels or objects, to sim-
plify and/or change the representation of an image, facilitating their analysis [33, 34]. A variety of
techniques can be applied. There are simple methods (such as thresholding and masking) or complex
methods (such as edge/boundary detection and region growing). The literature contains hundreds of
segmentation techniques [35,36], but there is no single method that can be considered good enough
for all kinds of images. Segmentation methods change according to the imaging modality, applica-
tion domain, method being automatic or semiautomatic, and other specific factors. Depending on
the image quality and the general image artifacts, such as noise, some segmentation methods may
require image preprocessing prior to the segmentation algorithm [37]. On the other hand, some other
methods apply post-processing to overcome the problems arising from over segmentation. Overall,
segmentation methods can be broadly categorized into point-based, edge-based, and region-based
methods [33, 34, 37, 38].
The segmentation of each pixel in the same region is similar with reference to some characteristic
or property computation, such as color, intensity, texture or continuity [33]. The process oriented to
the analysis of pixels classifies each image point according to the characteristics of color or intensity.
Generally, the analyses per pixel are easily implemented in the segmentation. In the thresholding
process each pixel in a grayscale image is recognized as either an object or background. A more
advanced method creates histograms, oriented to the intensity of grayscale or color, showing the
frequency of occurrence of certain intensities in an image. The regions and objects are recognized
from these data [33, 34, 37, 38].
The main purpose of this work is to develop an automatic approach to track the RBCs flowing in
a microchannel. To accomplish it we tested filtering, segmentation and feature extraction functions
available in MATLAB and implemented an application able to obtain the center of the cells (x and
y data) automatically. Finally, we executed a statistical comparison between the manual method
(MtrackJ) and the proposed automatic method (RBC-DataTracking 1.0).
2. MATERIALS AND METHODS
2.1. Physiological fluid, RBC labeling and microchannel
The physiological fluid used in this study was a solution of Dextran 40 (Dx40) from Otsuka
Medicine, Tokyo, Japan. First the RBCs were separated by centrifugation, and the plasma and
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buffy coat were removed by aspiration. Washing and centrifugation with physiological saline were
repeated three times. The washed RBCs were suspended in Dx40 to make a sample with a Hct of
12% because Dx40 normally offers a good physiological environment for the RBCs. The Hct cor-
responds to the feed reservoir Hct and it was measured by using a hematocrit centrifuge (Kubota
3220, Japan), always immediately before each experiment. It is worth mentioning that the in vitro
conditions used in the present study are different from actual in vivo conditions. The low Hct of
12% was selected to obtain images with the best possible quality and consequently to reduce errors
during the cell tracking. The blood used in this study was collected from a healthy adult, and heparin
was added to prevent coagulation. The sample was stored hermetically at 4°C until the experiment
was performed at room temperature (25˙ 2°C).
The RBCs were fluorescently labeled with a lipophilic carbocyanime derivative dye,
chloromethylbenzamido (CM-Dil, C-7000, Molecular Probes) using a procedure previously
described elsewhere [1, 8]. Briefly the RBCs were separated from the bulk blood by centrifugation
and aspiration of the plasma and buffy coat and then washed twice with physiological saline. The
washed RBCs were then incubated in the dye solution for 30 min at 37°C and then for an additional
time at 4°C for about 2 h. The fluorescently labeled RBCs were washed to remove any excess dye
and suspended with Dx40 to make up the required RBCs concentration by volume. This dye was
well retained by the RBCs and had a strong light intensity, which have allowed a good visualization
and tracking labeled RBCs flowing in concentrated suspensions.
The microchannel used in this study was a 100-m circular borosilicate glass capillary fabri-
cated by Vitrocom (Mountain Lakes, NJ, USA). The capillary was mounted on a slide glass with a
thickness of 170˙20 m and was immersed in glycerine to minimize the refraction from the walls
(see Figure 1).
2.2. Experimental set-up
The confocal system used in this study consists of an inverted microscope (IX71; Olympus) com-
bined with a confocal scanning unit (CSU22; Yokogawa), a diode-pumped solid-state (DPSS) laser
(Laser Quantum) with an excitation wavelength of 532 nm and a high-speed camera (Phantom v7.1;
Vision Research). The laser beam was illuminated from below the microscope stage through a dry
40 objective lens with a numerical aperture (NA) equal to 0.9. The glass capillary was placed
on the stage of the inverted microscope, and by using a syringe pump (KD Scientific) a pressure-
driven flow was kept constant (Re 0.008). The Re and associated experimental parameters are
summarized in Table I.
The light emitted from the fluorescent flowing RBCs passes through a color filter into the scan-
ning unit CSU22, where by means of a dichromatic mirror is reflected onto a high speed camera to
Figure 1. Schematic diagram of the biomedical microdevice used in this study and an image obtained in the
center of the microchannel containing both labeled RBCs (bright spots) and no labeled RBCs (gray spots).
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Table I. Experimental parameters used to calculate the Re.
Density Mean velocity Diameter Length Viscosity of Dx40
(kg/m3) (m/s) (m) (mm) (Ns/m2) Re
1046 2.6x104 104 50 4.5x103 0.008
record the confocal images. Additionally, by using a thermoplate controller (Tokai Hit) the temper-
ature surrounding the capillary was 37°C˙1. A more detailed description of the confocal system
used in this study can be found elsewhere [1, 8, 18, 20, 21].
2.3. Image analysis and processing
All confocal images were captured around the middle of the capillary with a resolution of 640  480
pixels, at a rate of 100 frames/s with an exposure time of 4995 s and then digitized and transferred
to a computer for evaluation using a Phantom camera control software (PH607). Two image analysis
methods were used in this study: manual method and automatic method.
2.3.1. Manual method. For the case of the confocal micro-PTV measurements, a series of confocal
images were evaluated in Image J [28] using the manual tracking MtrackJ plug-in [39]. The motion
of the labeled RBCs were manually tracked through successive images using the bright centroid cri-
teria available at the MtrackJ. Using this method, it was possible to track labeled RBCs even when
two cells were in near proximity. After obtaining a series of x and y positions (center position of
the cells), data were exported for the determination of several physical quantities such as velocity,
radial displacement, mean square displacement (MSD) and dispersion coefficient.
2.3.2. Automatic method. The analysis of microscopic images requires essentially two parts: the
image processing where we can apply a filter of preprocessing and segmentation for isolating objects
of interest (such as RBCs), to simplify further analysis focusing on these objects with more detailed
features such as brightness or size.
To start the image analysis it is necessary to load the videos using MATLAB [29] platform;
however, the video file with the extension ‘.cin’ captured by the high speed camera is not sup-
ported by MATLAB. As a result, we used the Phantom software to convert video footage to the
sequence of images in JPEG format. Using this procedure the images are ready to be treated in
MATLAB. The first preprocess is the extraction of the region of interest (region between the walls
of the microchannel) by cropping out-of-interest regions.
The next step is the segmentation of the object (RBC). However, first a preprocessing filter,
median filter, was applied with one mask of 55 pixel, to smooth the original image and to enhance
the flowing object. This filter has performed particularly well in situations where the image is con-
taminated by impulsive noise (salt-and-pepper) [16, 33, 37]. Noise or artifacts often appear during
the flow. Sometimes we can observe cells on other planes of focus or other kinds of cells such as
white blood cells. Other sources of noise can be the light absorbed and scattered by the neighboring
cells because of the high concentration of cells. The tridimensional motion of the cells is also an
important source of noise.
In Figure 2(b) we can see the result of this step; the background is more smoothed and the objects
are more defined and visible.
Then, the images are subject to a segmentation step. With this segmentation, only the objects of
interest, in this case RBCs, are separated from the background. This is possible by using a thresh-
old method, where a definition of one or more values of separation is enough to divide the image
into one or more regions. Mathematically, the operation thresholding can be described as an image
processing technique in which an input image f .x, y/ of N gray levels produces an image g.x, y/,
called thresholded image, in which the number of gray levels is less than N . An iterative threshold
was applied for the sequence of all the images, that is, the threshold level is different from image
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a) 
b)
Figure 2. Preprocessing of images: (a) original image (left side) and respective gradient (right side);
(b) original image filtered by using the median filter (left side) and respective gradient (right side).
a)
b)
Figure 3. (a) Automatic segmentation before applying Median filter. (b) RBCs tracking and data extraction
used in the application proposed.
to image depending on its quality. After thresholding, Sobel filter was applied to improve the visu-
alization of the objects, showing only the edge of the RBCs (see Figure 3). The Sobel function
presented in the toolbox Image Processing, from MATLAB, has the ability to find edges using the
Sobel approximation to the derivative, that is, it returns edges at those points where the gradient of
the image is maximum [40, 41].
After the segmentation process, the RBCs were automatically tracked and sets of data (x and
y positions) were obtained. In this step it is also possible to measure a set of properties (area,
centroid, etc.) for each connected component (RBC) in the binary image. In our study, sets of
centroid positions were mainly used to measure the RBCs trajectories.
2.3.3. Statistical analysis. A statistical software package, MedCal [42, 43], was used for the
statistical analyses including linear regression analysis. The Bland–Altman analysis was also
performed to compare measurements obtained between the two different methods (manual and
automatic method). The error bars on the figures denote sample standard deviation and in all
analyses a 95% of confidence interval was considered.
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3. RESULTS AND DISCUSSION
A series of time-consecutive images were obtained by using a confocal system. The measurements
were performed at the center plane of a glass microchannel with a diameter of 100 m, temper-
ature of approximately 37°C and Hct of about 12%. By measuring the radial displacements of 22
labeled RBCs flowing through the microchannel as a function of time, it was possible to calcu-
late the ensemble average of the MSD. The MSD is a statistical quantity that contains information
about the RBC tendency to undergo transversal displacements because of multiple interactions with
neighboring RBCs. It measures the average distance that an RBC travels transversally over a certain
interval of time and it depends on how often the RBCs suffer collisions. As a result the MSD mea-
sures the fluctuations in the trajectories for each individual RBC. Fluctuations in radial position for
each RBC can be described in terms of the MSD by using the following equation:
MSD D h.Ri ,y.t/  Ri ,y.0//2i
where Ri ,y and t are the radial displacements and time interval, respectively. For a sufficiently
long time, the MSDs tend to increase linearly with time and consequently the dispersion coefficient
reaches a constant value, which is characteristic of a diffusive regime. The slope of the linear fit
to this part of the curve can be used to calculate the corresponding dispersion coefficient .Dyy/
[1, 20, 22]
Dyy D 1
N
NX
iD1
MSD
2t
where N are the number of measured RBCs.
To analyze the ability of the proposed automatic method to track accurately individual labeled
RBCs, 22 RBCs trajectories measured by using both manual and automatic tracking methods were
used for comparison.
Figure 4 shows the trajectories of individual labeled RBCs, flowing in the center plane of the
microchannel, determined by a manual tracking method (MtrackJ, plug-in from Image J) [39] and
a proposed automatic tracking method. In these particular cases the mean difference of the first
cell (cell 1) is 0.47 m with a standard deviation of 0.12 at 95% confidence interval whereas for
the second cell (cell 2) the mean difference is 0.39 m with a standard deviation of 0.10 at 95%
confidence interval.
Figure 4. Trajectories of individual labeled RBCs determined by a manual tracking method (MtrackJ,
plug-in from Image J) and a proposed automatic tracking method. The measurements were performed in
center plane of the microchannel for a feed Hct of 12%.
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Figure 5. Statistical comparison of the values determined by the manual and automatic methods. Linear
regression analysis for four representative measurements, the dashed lines indicate 95% confidence limits of
the measurements.
To examine the accuracy of the proposed automatic method, a linear regression curve and
a Bland–Altman analysis were performed by taking the manual measurement as the reference.
The analysis was performed using a commercial statistical software package, MedCalc [42, 43].
Figure 5 shows the linear regression curve of the MSD of four representative RBCs for comparison
between the manual and automatic measurements. In this study, the correlation coefficient for all
the measured cells was between 0.99 and 0.80 indicating a close trend between both methods. We
also verified that the slope of the regression line is between 0.45 and 1.50.
Because the linear regression analysis may hide some systematic differences between the manual
and automatic methods, for a more detailed statistical comparison the Bland–Altman analysis was
also performed. The Bland–Altman analysis provides a more extensive analysis of the agreement
between two methods than the linear regression. Furthermore, this is a graphical method to compare
two measurement techniques. In this analysis the differences between the manual and automatic
methods are plotted against the average of these two methods. If the difference obtained from the
two techniques is not large enough and falls within the acceptable limit with a 95% confidence,
then the automatic method is considered to be similar to the manual method. Hence, the Bland–
Altman method was used to obtain statistical analysis of the agreement between the manual and
automatic methods for the RBCs with the best and worst correlation coefficient, 0.9959 and 0.8096,
respectively. Figure 6 shows the linear regression and Bland–Altman results.
The Bland–Altman plot presents the mean difference and agreement limits, which are defined as
the mean difference plus and minus 1.96 times the standard deviation of the differences. Because the
difference obtained from both methods is not large enough and fell within the acceptable limit with
a 95% confidence, it is possible to conclude that no significant difference between the two methods
was found. Therefore, these results indicate a good agreement between the measurements obtained
by the manual and automatic methods.
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a)
b)
Figure 6. Bland–Altman analysis for comparison of manual and automatic measurements: (a) RBC with the
best correlation coefficient and (b) RBC with the worst correlation coefficient.
Figure 7. Average of the MSD of 22 RBCs with 95% confidence level.
Additionally, the ensemble average of the MSD of 22 labeled RBCs was also calculated by using
both manual and automatic methods. Figure 7 shows the average MSD of 22 RBCs for both methods
whereas Figure 8 shows the corresponding linear regression and Bland–Altman analysis.
The results show not only a good agreement between the two methods (correlation coefficient of
0.9945) but also no significant difference between the two methods. Therefore, these latter results
are consistent and reinforce the measurements previously obtained for each individual RBC and
as a result it demonstrates that our proposed automatic method is a rapid and reliable technique to
calculate several physical quantities such as RBC radial displacement and correspondent MSD.
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Figure 8. Linear regression and Bland–Altman analysis of MSD of RBC.
During the last decade several automatic particle methods have been proposed to measure
trajectories of different kinds of objects. A promising method is the ‘Particletracker 2D and 3D’
[15], which is a plug-in for Image J. We have analysed our images containing labeled RBCs flow-
ing within the focal plane of interest. After setting the parameters for the RBCs detection, it was
possible to obtain automatically the RBC trajectories. However, this method also tracked other arti-
facts and RBCs flowing in out of focus planes and consequently these results are most of the times
extremely chaotic and difficult to be analysed. In contrast our proposed method is able not only to
track the RBCs of interest but also to eliminate most of the noise and artifacts that exists in our
images. It is worth noting that the proposed automatic method can measure accurately the motion
of individual RBCs flowing in Hcts up to 12%. In the near future, further studies with higher Hcts
need to be performed to evaluate the possibility of applying the proposed method to measure blood
cells flowing in in vivo environments.
4. CONCLUSIONS
The present study compared two different methods of tracking RBCs flowing through a 100-m
glass capillary, that is, a manual and an automatic method. The proposed automatic method is based
on a threshold algorithm and its main purpose is to provide a rapid and accurate way to com-
pute automatically multiple RBC trajectories. The comparison of the automatic measurements with
results obtained by the manual method was made and the results have shown not only a good agree-
ment but also no significant difference between the two methods. Therefore, the proposed automatic
method can be successfully integrated with a confocal system and used for fast and accurate RBC
measurements. This combination will provide a powerful way to investigate several microcircula-
tion phenomena in a rapid and reliable way. It is worth noting that the accuracy of the proposed
automatic method depends strongly on the image quality of the experimental conditions. Therefore,
detailed studies with different Hcts need to be performed in the near future because the Hct strongly
affects the quality of the images.
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